The Influence of Social Ties on Performance in Team-based Online Games by Zeng, Yilei et al.
1The Influence of Social Ties on Performance in
Team-based Online Games
Yilei Zeng, Student Member, IEEE, Anna Sapienza, Member, IEEE, and Emilio Ferrara, Senior Member, IEEE
Abstract—Social ties are the invisible glue that keeps together
human ecosystems. Despite the massive amount of research
studying the role of social ties in communities (groups, teams,
etc.) and society at large, little attention has been devoted to
study their interplay with other human behavioral dynamics.
Of particular interest is the influence that social ties have on
human performance in collaborative team-based settings. Our
research aims to elucidate the influence of social ties on individual
and team performance dynamics. We will focus on a popular
Multiplayer Online Battle Arena (MOBA) collaborative team-
based game, Defense of the Ancients 2 (Dota 2), a rich dataset
with millions of players and matches. Our research reveals that,
when playing with their friends, individuals are systematically
more active in the game as opposed to taking part in a team
of strangers. However, we find that increased activity does not
homogeneously lead to an improvement in players’ performance.
Despite being beneficial to low skill players, playing with friends
negatively affects performance of high skill players. Our findings
shed light on the mixed influence of social ties on performance,
and can inform new perspectives on virtual team management
and on behavioral incentives.
Index Terms—Team Science, Social Ties, Human Performance,
Team-based Online Games , Multiplayer Online Battle Arena
I. INTRODUCTION
THE interplay between social networks and complexhuman behavioral dynamics has been the subject of
extensive research. Social ties, a.k.a. friendships and/or ac-
quaintanceships, have been connected to various complex
human phenomena. Some studies, for example, demonstrated
the social capital brought about by strong and weak ties [1].
Others illuminated on the benefits that social ties can bring
to mental and physical health, such as increased longevity,
reduced loneliness, and lower levels of stress [2], [3], [4], [5].
Recent studies compared online and offline social ecosystems,
studying the formation of online social ties and showing how
these ties evolve into social networks [6], [7], [8], [9], in-
cluding in video games [10], [11]. Researchers have also been
concerned with understanding how physical and mental factors
impact human behavior and performance [12]. However, little
attention has been devoted to study the interplay between
social ties and human performance dynamics, which is the
subject of this study.
In the age of big data, humans leave behind traces of their
online activity in the form of digital behavioral data, which
facilitates our research and bestow us with new data-centric
perspectives to study social ties, in addition to established
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methods like interviews, surveys, or ethnographic observa-
tions. In this paper, our main interest is the influence that social
ties have on human performance in collaborative team-based
settings, more specifically in Multiplayer Online Battle Arena
(MOBA) video games. Understanding the relationship between
social ties, in particular preexisting connections within team
members, and (individual and/or team) performance is a
question of broad relevance across education, psychology, and
management sciences [13], [14], [15], [16], [17], and could
lead us to better understand what underlies human behaviors
in such systems. Our research will focus on a popular MOBA
collaborative team-based game, Dota 2, a rich dataset that will
allow us to study millions of players and matches.
Dota 2 is one of the most successful MOBA games:
according to the official Dota 2 website, more than ten million
unique players participate in the games each month.1 Dota 2
not only hosts a huge user base but also innately incorporates
mechanisms that stress the impact of social ties. Since two
opposing teams, each consisting of 5 players, compete against
each other, preexisting friendships are put to test, and strangers
are brought together, to collaborate as a team in order to prevail
over the rivals. Each player has the autonomy to befriend
other players, and these constructed social ties are stored in a
friendship list on Steam, the online game distribution platform
that hosts Dota 2 and hundreds of other games and associated
communities. In each list, both the time of formation and the
actors involved in each dyad are recorded. In this paper, we
jointly leverage the behavioral data provided by the log of
Dota 2 matches and the social network data (friendship lists)
provided by the Steam community.2
Motivated by the need for a thorough investigation of the
influence of social ties on performance, and in light of the
recent advancement in network science and team science,
we analyze our data considering four different perspectives:
(RQ1) We first look into the actions of individuals that may
be affected by the presence of friendship ties in the team.
(RQ2) Next, we proceed to divide teams into four categories
based on both collective experience (experts vs newbies)
and performance (high vs low) and analyze them separately.
After that, we focus on explaining the dynamics governing
performance in short-term sessions of consecutive matches,
and propose two additional research questions: (RQ3) We plan
to understand how individuals perform in consecutive games
when they only play with friends. (RQ4) We aim to investigate
how social ties affect team performance in consecutive games.
1Statistics on Dota 2 Official Website: http://blog.dota2.com/
2Steam Community Website: https://steamcommunity.com/
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In summary, in this paper we will address the following
four research questions (RQs):
RQ1: What is the influence of social ties on individual players’
activity?. We will test whether the presence of social
ties affects the activity of individuals within a team. Our
hypothesis is that the presence of preexisting friendship
ties within a team will increase teammates activity. We
will set to test whether there exists a spillover effect
by which even individuals who do not have friendship
connections with other teammates, but who play in a
team where some players are friends among each other,
experience such effect. If social ties have an effect, we
will also characterize which dimensions of activity it
affects.
RQ2: What is the influence of social ties on team dynamics?.
We will investigate whether preexisting social ties will
affect the performance of the team as a whole. We will
further investigate the subsets of teams composed by
high/low experience players, and high/low performing
players. Our hypothesis is that preexisting social ties
improve team performance. We will test whether this is
the case, and if so, we will characterize how performance
is affected.
While the former two questions focus on measuring effects
within single matches, the next two questions focus on effects
that span over the course of a gaming session (i.e., a nearly-
uninterrupted sequence of consecutive matches):
RQ3: What is the influence of social ties on individuals over
gaming sessions?. We will study whether playing game
sessions within teams with preexisting social ties affects
individuals’ short-term activity. We hypothesize that the
presence of such ties can mitigate known effects of
deterioration in individual performance over the course
of the sessions.
RQ4: What is the influence of social ties on teams over gaming
sessions?. We will determine whether short-term perfor-
mance of teams as a whole is affected by the presence
of social ties. Our hypothesis is again that social ties can
influence team performance and mitigate known session-
level deterioration effects.
This paper is organized as follows: We will first explain
data gathering and preprocessing steps (see Section §II). In
Section §III, we will elucidate the methods we employ when
answering our four research questions. The results will be
presented and discussed in Section §IV. We will also provide
an overview of literature concerning social ties, online games,
and performance dynamics in Section §V. In Section §VI,
we will conclude our study and shed light on its potential
applications and future extensions.
II. DATA & STATISTICS
A. Match log data from Dota 2
Defense of the Ancients 2 (Dota 2), is a multi-player online
battle arena (MOBA) video game. In this paper, we only
study matches consisting of all five human players (as opposed
to matches that mix humans and bots, or 1-vs-1 matches).
In such matches, two teams each composed by five players
compete to destroy the opponent team’s fortified home-base
known as the “Ancient”. Each player has the choice to draft a
virtual avatar known as a hero, to participate in each match.
The game is designed with an internal nudging mechanism to
foster cooperation, since heroes have complementary abilities
(e.g., Pudge is popular for its strength, Sniper is recognized
for agility, Invoker is known for intelligence, etc.). Thus,
to increase the probability of winning, teammates have to
coordinate to form balanced teams during the draft phase
that precedes each match, and fill various desirable roles (e.g.
Carry, Disabler, Support, etc.).
We acquired match log data of Dota 2 from the Open-
Dota API.3 This service provides information such as match
duration, team members, action statistics of each players,
matchmaking type, etc., for millions of Dota 2 matches. The
Dota 2 gaming system provides four mechanisms to construct
the two opposing teams (matchmaking), i.e., normal match,
ranked match, practice 1-vs-1 match, and bot match. Since
ranked matches are governed by the Matchmaking Rating
(MMR) system, friends cannot freely group together—the
goal is to create artificially-balanced opposing teams, thus
teams are often composed by random strangers. Practice 1-vs-1
matches and bot matches do not meet our need to evaluate how
social ties affect human performance in team-based human
environments. Therefore, in our analysis, we only focus on the
normal matches, where ten human players participate in one 5-
vs-5 match. To win the match, teammates need to collaborate,
coordinate, and support each other to harvest resources (e.g.,
collect gold by killing AI-controlled mobs called creeps),
defend their base and towers, attack and defeat the enemies,
and destroy their towers and base.
Due to data privacy, some users’ match records we collected
are incomplete. After discarding these unusable match records,
our dataset contains 3,566,804 matches, comprising 1,940,047
unique players, and spans from July 17, 2013 to December 14,
2015. Figure 1a shows the number of matches per player in
our dataset. The average match duration of the matches in our
data is about 41.8 minutes, and its distribution is displayed in
Figure 1b.
B. Friendship data from Steam
Steam is currently the world’s largest digital game distribu-
tion platform where registered users can not only purchase and
manage a variety of games, but also join gaming communities.
It is worth noting that the Steam platform and Dota 2 are
synchronized via the convertible Steam account ID linked
to the Dota 2 player account ID. Therefore, we are able to
connect each Dota 2 player’s in-game behavioral data acquired
from the Dota 2 API with their friend list (and other account
metadata) on Steam.
According to Steam’s official Website,4 over 10 million
players are active on the platform on a daily basis. The Steam
platform, with its open API, has provided researchers with
access to a massive amount of data, that has been leveraged
to analyze various aspects of players’ behaviors. For instance,
3OpenDota API: https://docs.opendota.com/
4Steam Official Statistics: https://store.steampowered.com/stats/
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(a) Match Distribution (b) Duration Distribution (c) Individual’s Matches Time Gap Distribution
Fig. 1: Distribution plot of our dataset. (a) Number of matches per player and (b) Duration (in seconds) per match and (c)
Duration (in seconds) per match.
[18] analyzed play-time related, cross-games behavior of
Steam users. [19] proposed analytical abstractions between
the different components of game achievements. Other than
cross-game behaviors, the gamers’ social network provided
by the Steam Community has also caught the attention of
the research community: [20] studied the evolution patterns
of the Steam community network; [21] utilized the network
structure of Steam to identify cheaters in gaming social
networks. Despite of these macro-level analyses, the influence
of social ties (i.e., online friendships) on individual and team
performance remains largely unexplored: Therefore, we will
utilize the friendship lists of Dota 2 players provided by Steam
to reconstruct the player social network and closely examine
the impact of social ties on players’ in-game performance and
behavior.
The collection of players’ friendship lists from the Steam
API follows the process of identifying Dota 2 players from
match log data. After making sure that each friendship pair
was formed before the starting time of each match, we can
construct the exact team-wise friendship network structure
within each match. We describe teams in each match as a
network with 5 nodes, i.e., 5 players are represented by 5
nodes and each pairwise friendship formed before the starting
time of the match is recorded as an edge.
Similar to the Dota 2 API, the Steam API also respects each
player’s data privacy preferences. We requested friendship
information for all 1,940,047 distinct Dota 2 players, and
acknowledged that data for 227,045 players was unavailable
due to privacy restrictions.
C. Final dataset
We now finally combine information provided by both
the Dota 2 API and the Steam API. To this aim, we make
sure that for each team in our final dataset all information
about all players’ friendships and match actions is openly
accessible (i.e., not restricted by privacy settings). Our final
dataset therefore contains 954,731 players, 673,864 teams,
and 621,629 matches. This is the final dataset used in all our
experiments, discussed next. Here, we have records of 365,412
teams consisting of 652,215 unique players who participated in
337,043 normal matchmaking matches. This dataset starts on
July 14, 2014 and ends on December 14, 2015. It includes
match features, player’s individual actions, and social ties
related to each team.
III. METHODS
A. RQ1: Overview of the influence of social ties on individuals
We first introduce the types of social structures we will
study. There exist three types of teams in our setting:
• Teams of strangers, where no preexisting friendship ties
exist among any players prior to the match;
• Teams of friends, where each team member has at least
another friend in the team; and,
• Mixed teams, where some members have at least on friend
among their teammates, while some others do not.
It is worth noting that in our categorization, we do not have a
distinct definition for teams that are cliques, i.e., where each
player is friend with everyone else, because these instances
are exceptionally rare in the data at hand. Furthermore, we
consider individuals playing in teams of friends, as well as
in mixed teams, as in conditions potentially affected by the
influence of social ties. Conversely, teams of strangers are used
as control groups where players cannot be affected by social
ties influence, due to their absence.
Since our first research question focuses on analyzing the
influence of social ties on individual players, for each instance
of a match, we divide players into three types:
• Null players, i.e., those playing in a team of strangers;
due to the absence of social ties, these players are used as
null models (thus the name “null players”), or baselines,
to compare and contrast with other player types.
• In-friendship players, i.e., those playing in teams of
friends, as well as those playing in mixed teams, who have
preexisting social ties with some teammates (both sets of
players may directly experience social ties’ influence).
• Out-friendship players, i.e., those playing in mixed teams
who do not have preexisting social ties with any of
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(a) Individuals playing with friend(s) (in-friendship players) vs null
players (those players in all-stranger teams).
(b) Individuals playing without friend(s) (out-friendship players) vs
null players (those players in all-stranger teams).
Fig. 2: Social ties’ impact on individuals playing with friends and individuals playing without friends. Violin plots
convey the statistical distribution distinctions between (a) Individuals playing with friends, and (b) Individuals playing without
friends, , in teams of friends and mixed teams, as well as comparing against null players (those who play in all-stranger teams).
Shuffled null players are displayed as orange violins (right violin of each pair), observed individuals with and without friends
are shown in green violins (left violin of each pair). Stars representing t-test statistical significance are shown in all subplots
(∗∗∗ means p-value <= 0.001).
their teammates (yet may indirectly benefit from their
teammates’ preexisting friendships).
In Section §IV-A, we analyze the influence of social ties on
players with friends, and players without friends, separately.
Take the study on teams of friends, for instance: We compare
the statistic distributions of performance on in-game actions
(kills, assists, and deaths) for in-friendship players with that of
the null players, contrasting the distributions by both statistical
analysis and visual analysis (using so-called violin plots). We
carry out t-test(s) to prove or reject our hypothesis. If the
t-test results are statistically significant across all observed
distribution pairs, our hypothesis is confirmed and thus we
observe an effect of social ties on in-game activity. It is worth
noting that the data of null players is randomly sampled with
reshuffling to yield samples of the exact same size as the
samples of in-friendship players. Likewise, we use the same
null model strategy to analyze the impact of social ties on
out-friendship players.
B. RQ2: Overview of the influence of social ties on teams
After answering our first research question, we proceed to
include not only in-game actions but also performance and
experience into our analysis. We use the kill-death-assist ratio
(KDA) to measure both the performance of individual players
and the performance of teams. KDA can be formalized as
(k + a)/max{1, d}, where k is the number of kills, a is the
number of assists, and d is the number of deaths of a player
(or a team of players) in a given match.
The teams composed of players with the very high/low
experience and very high/low skills are of particular interest
for our analysis, provided that they may exhibit noteworthy
behavioral patterns: for example, they may exacerbate the
effect of social ties’ influence in one direction or another.
To this purpose, we consider the top and bottom 25th per-
centiles of teams composed by players ranked by average team
experience (i.e., number of played matches) and by average
team performance (as measured by the average team’s KDA
score). To achieve that, we calculate the average KDA and the
experience of each team as match-based features. For each
match, the average KDA is calculated by averaging all five
players’ KDA in the current match (for each of the opposing
teams), while the experience is calculated by summing over
the number of past matches of all five players until the current
match. We select the top 25% players in each ranking as
high-level category and the bottom 25% as low-level category.
Having divided the data in the four categories of teams, in each
category we further compare the actions and performance of
the whole team, the players with friends (in-friendship players)
as well as the players without friends in mixed teams (out-
friendship players) with that of the null players. We compute
the difference in each case as (Y − X)/X , where Y is the
mean of actions or performance of players (or teams) who may
be subject to the influence of social ties, and X is the mean
of actions or performance of null players (teams of strangers).
Thus, to summarize, we select four categories of teams as
follows:
• High Experience & High KDA: these are teams composed
by players that are in the top 25th percentile by expe-
rience (no. played matches) as well as by performance
(KDA).
• High Experience & Low KDA: these are teams composed
by players that are in the top 25th percentile by ex-
perience (no. played matches) and in the bottom 25th
percentile by performance (KDA).
• Low Experience & High KDA: these are teams composed
by players that are in the bottom 25th percentile by
experience (no. played matches) and in the top 25th
percentile by performance (KDA).
• Low Experience & Low KDA: these are teams composed
by players that are in the bottom 25th percentile by ex-
perience (no. played matches) as well as by performance
(KDA).
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C. RQ3: Influence of social ties on individuals over sessions
More often than not, individual players tend to complete
a sequence of matches rather than a single match before
they decide to stop their gaming session. Playing consecutive
matches may bring tiredness and boredom to players, which
could in turn affect their performance. On the other hand,
playing consecutive matches could also help train proficiency.
Due to this dichotomy, this aspect warrants further investi-
gation. Therefore, we formalize consecutive playing patterns
as individual gaming sessions. Provided that we don’t know
exactly when players start or interrupt a gaming session, we
need to infer such sessions from the start/end times recorded
in each match metadata.
We set 1 hour as the threshold to split gaming sessions: if
the time gap between the end of a match and the beginning
of the next match, for each player, is shorter than one hour,
we assume that these two matches belong to the same gaming
session; otherwise, two separate gaming sessions are extracted.
We calculate all the time gaps—the time intervals between
the end of a match and the beginning of the subsequent
match—for each player and concatenate all players’ time gaps
together. Fig. 1c shows the distribution of time gaps that is less
than 24 hours in our dataset: amongst these 84K time gaps,
the median is 1.265 hours, supporting our choice of 1 hour
threshold to split sessions. Each gaming session consists of
a list of consecutive matches ordered by their starting time.
Such sequence index in a session is named as match position.
For example, in a session of four matches, the first match is
called match in position one, and the last match is referred to
as match in position four.
To isolate the effect of social ties on gaming sessions, in
RQ3, we focus on individuals who only play with friends
throughout the entire session. This will allow us to reduce the
variability that may arise in case of inclusion of mixed sessions
where users played games both with and without friends. Of
course, this filter also reduces the number of sessions suitable
for analysis. We use two strategies to analyze social ties’
impact on these individuals:
• First, we study the individuals’ KDA trajectories through-
out the gaming sessions. We only utilize gaming sessions
with length 1 to 4, as data about sessions of length larger
than 4 is very sparse (for reference, a gaming session
of length 4 usually spans between 3 and 5 consecutive
hours of uninterrupted playing; anecdotally, in our data,
we observe isolated instances of sessions that last up to
20 consecutive hours). For gaming sessions with different
length, we separately aggregate the KDA on each match
position, and use separate line plots to visualize the
trajectories over the course of the sessions. Then, we
randomly reshuffle the sequence of matches in all gaming
sessions, and reconstruct the trajectories based on the
shuffled data—this is used as a randomized null model.
By comparing the trajectories in sessions with original
match positions against trajectories in sessions with ran-
domized match positions, we exclude the possibility that
any emerging trend is a produced just by chance.
• Second, we compute the KDA difference between the last
and the first match of a session, expressed as (Y −X)/X ,
where Y is the KDA performance of the last match in
a gaming session and X is the KDA performance of the
first match in a gaming session. This measure is adopted
to capture the variation of overall performance throughout
the whole session, i.e., the overall size of such an effect.
D. RQ4: Influence of social ties on teams over sessions
In the previous section, we introduced the notion of gaming
sessions of individual players. Here, we define a team’s gam-
ing session as the average gaming session of its 5 individual
players. For example, for a given team in a given match, three
players may be playing the first match of their session, two
players may be playing the second match of their session, and
one player may be playing the fourth match of their session:
in this case, the average session length for this team would be
(1 + 1 + 1 + 2 + 4)/5 = 1.8. Therefore, due to the employed
averaging strategy, the length of a team’s gaming session will
be expressed in a ranges, i.e., gaming sessions of length [1-2),
[2-3) and [3-4). Sessions of average length greater than 4 are
exceptionally rare and therefore excluded from our analysis.
To answer RQ4, we analyzed the kills, assists, and deaths as
well as KDA performance of players subject to the influence
of social ties, considering team’s gaming sessions. We use
one pair of violin plots to visualize each type of action
or KDA’s distributions of in-friendship players versus out-
friendship players in each team. We then use t-test(s) to verify
the statistical difference of each pair. To investigate the trend
of teams’ actions and performance when the length of gaming
session increases, we organize the plots by comparing each
type of action (or KDA) across teams of different session
lengths. Consider, for example, the plot tracking team kills
(take a glance at Fig. 5a): from left to right, the first pair of
violin plots belongs to teams with avg. session length 1-2, the
second pair of violin plots belongs to teams with avg. session
length 2-3, and the third pair of violin plots belongs to teams
with avg. session length 3-4.
IV. RESULTS
In this section, we present the results of our analysis
aimed to address the research questions defined above. We
present our summary in four parts, corresponding to the four
proposed research questions. For RQ1 (§IV-A), we provide an
overview of the interplay between individual players’ activity
and the effect of social ties. To answer RQ2 (§IV-B), we focus
on friendships’ influence on team’s actions and performance
by categorizing teams according to average experience and
KDA performance. We explore RQ3 (§IV-C) by identifying
performance dynamics of individual players who only play
with (and without) friends throughout their entire gaming
sessions. Lastly, for RQ4 (§IV-D) we extend our analysis to
actions and performance trajectories of teams within gaming
sessions. For each research question, we will aim at validating
or rejecting the hypotheses formalized above.
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Team Category Condition Kills Deaths Assists KDA
Low Experience
Low KDA
Whole Team 87% 129% 19% 79%
In-Friendship 96% 15% 27% 474%
Out-Friendship 79% 97% 9% 990%
High Experience
Low KDA
Whole Team 109% 125% 18% 89%
In-Friendship 185% 209% 54% 437%
Out-Friendship 48% 56% -1% 392%
Low Experience
High KDA
Whole Team 17% 23% 94% -36%
In-Friendship 25% 35% 109% -32%
Out-Friendship 1% 8% 79% -28%
High Experience
High KDA
Whole Team 39% 52% 151% -32%
In-Friendship 67% 85% 208% -26%
Out-Friendship 9% 13% 89% -23%
TABLE I: Percentage difference of 4 categories of teams’ action/performance compared with null model of all-stranger teams.
Fig. 3: KDA trajectories of individuals who only play with
friends throughout the entire gaming session. The left plot
shows the actual data suggesting the presence of individual
performance deterioration over the course of gaming sessions.
The right plot shows the reshuffled null model where the effect
of match position is disrupted (therefore, the lines are expected
to become flat).
A. RQ1: Influence of social ties on individual players’ activity
To study how social ties influence players’ activity in the
game, we compare teams of friends and mixed teams against
teams of strangers. We call teams of friends and mixed teams
as teams with preexisting social ties. Teams of strangers are
consider as our null model since no social ties exist in this
condition. In other words, we consider players in teams of
strangers as our control group, while players in teams with
preexisting ties are assembled as observed conditions in the
following analysis aimed to tackle the first research question.
We evaluate observed players’ actions (kills, assists, and
deaths) against the null model, i.e., comparing individual’s
action patterns under the presence of social ties in contrast
with all-strangers team scenario. Data of players in all-stranger
teams are randomly shuffled and then under-sampled (or over-
sampled) to match the number of players in our observed
conditions data.
As long as there exists some social tie in the team, individual
players could be divided into two types, namely individuals
playing with some friend(s) and individuals playing without
Fig. 4: Changing rate of KDA performance in sessions of
different lengths by individuals who only play with friends
throughout the entire gaming session. This plot shows the
KDA change percentage of last game in the session from the
first game in the session from in-friendship players (those who
played the entire session with some friend(s) in their team).
any friend(s). We named the first group in-friendship players,
and the second group as out-friendship players. Our hypothesis
is that if social ties have some form of influence on play-
ers’ activity, in-friendship players will experience this effect
directly (since these are the players who are playing with
some friends), while out-friendship players may experience
it indirectly, even without playing with friends, yet by playing
with teammates who are friends among each other.
The plot for players with friends (a.k.a., in-friendship) is
shown in Figure 2a. The plot for players without friends
(a.k.a., out-friendship) can be found in Figure 2b. Note that in
Figure 2a, we use “With Friends” to label the distributions
associated with in-friendship players, while in 2b, we use
“Without Friends” to mark the distribution associated with out-
friendship players. Stars in the all plots represent t-test statis-
tical significance obtained by comparing observed conditions
versus the null model (null players, i.e., those in all-stranger
teams where no social ties exist).
By inspecting Figure 2a, we observe that, in comparison
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to null players (players in all-strangers teams), individuals
playing with friends have higher number of kills and assists.
However, deaths also arise along with kills and assists. In other
words, they are more engaged and active in the game, which
leads to an increased number of in-game actions, both positive
(kills and deaths) and negative (deaths). This may suggest
that players with friends in their team may tend to adopt
more aggressive or impulsive strategies. Figure 2b shows a
reverse patterns: contrary to players with friends (in-friendship
players), players without friends (out-friendship ones) have
relatively fewer actions in comparison with null players. Such
decrease suggests that players in the out-friendship condition
may tend to act in the best interest of themselves, adopting a
more conservative play style. Alternatively, they may also ex-
perience being left out of the coordination and therefore being
exposed to less game action, thus having fewer opportunities
throughout a match to accomplish both positive and negative
actions.
B. RQ2: Influence of social ties on team dynamics
To better understand how social ties impact teams as a
whole, we divide teams into four categories: (i) High Ex-
perience & High KDA, (ii) High Experience & Low KDA,
(iii) Low Experience & High KDA, and (iv) Low Experience
& Low KDA teams. Moreover, by comparing them with our
null model, all-stranger teams, we analyze the actions (kills,
deaths, assists) and performance (KDA) of each category.
To compare the two groups we calculate the percentage-
difference of actions as: (Y −X)/X , where Y is the mean of
actions/performance of observed players in teams with social
ties, and X is the mean of actions/performance of the null
model. In Table I, we report the results we obtained.
We can observe that low-experience & low-KDA teams have
kills, assists, and deaths actions all higher than those of all-
strangers teams. In terms of having positive percentage gain
of actions, in-friendship players are the biggest winners since
they almost double the amount of kills and also have a 27 per-
cent raise on assists. However, out-friendship players turn out
to be the largest beneficiary of KDA performance. Although
in-friendship players gained a 4.74 times performance boost by
collaborating with friends, the out-friendship players received
twice as much benefits by an indirect effect. Such effect is
not consistent with regard to high-experience & low-KDA
teams, whose in-friendship players are the biggest gainer in
all actions as well as KDA performance. Moreover, their out-
friendship players show increased unwillingness to help other
teammates since their assists are even less than null players.
For the remaining two categories with high KDA, in-friendship
players have the largest actions percentage gain, but the whole
team is the biggest loser in terms of KDA performance.
When comparing across the four categories, players with
friends, and the whole team, have consistently positive gains
on kills, deaths, and assists. We observe that in-friendship
players in high-experience categories double the actions in
comparison to their low-experience counterparts. However,
it is not the case for out-friendship players, namely their
actions are not obviously affected by experience difference.
This reveals that, for players with friends, experience boosts
activity but it is not effective on performance. We also observe
that for high-KDA teams, their KDA drops drastically when
exposed to a team with preexisting social ties. The sharpest
rate of decline goes to the whole teams’ performance, followed
by the decline rate of 20 percent concerning the in-friendship
players and out-friendship players. While for low performing
teams, the KDA improves drastically when compared with
teams of all strangers, such that on a whole team level their
performance rose by almost 80 percent, while in-friendship
players exhibit over 4 times higher KDA.
As a summary, low-performance players, regardless of their
experience, exhibit the highest gains in KDA when preexisting
social ties are present in the team. Conversely, high-skill
players exhibit significant decreases in KDA, regardless of
their experience, when social ties are present in the team. In
other words, playing with friends benefit almost exclusively
low-performance players, who drag down the performance of
their better-skilled friends.
C. RQ3: Influence of social ties on individuals over sessions
To answer RQ3, we focus on analyzing the impact of social
ties on individuals who only play with friends throughout the
entire gaming session.
Figure 3 displays the KDA performance trajectory of in-
dividuals who only play with friends throughout the entire
gaming session: The left plot shows the actual data suggesting
the presence of individual performance deterioration over the
course of gaming sessions. For example, for sessions of length
3, the average KDA in the first match of such sessions is
above 3.3, while the average drops to below 3.2 in the third
and last match of such sessions. This effect is visible across
the three conditions of session length greater than one. Then
we verified our findings via randomization to exclude the
possibility that the performance deterioration phenomenon was
created by chance (random effect). The right plot of Figure 3
shows the reshuffled data, where the effect of match position is
disrupted: as we would expect, the lines flatten out suggesting
that indeed the position of a match in a session has an effect
on performance, corroborating the performance deterioration
hypothesis in line with recent research results [22], [23], [24].
To quantify the effect size of such performance deteriora-
tion, we computed the percentage-change in KDA between
the last and the first game in each session. Figure 4 shows the
percentage change in KDA performance for sessions of length
1, 2, 3 and 4. The greater effect size is experienced for sessions
of length 3 and 4, where the drop in KDA is approximately 5%
(the randomized model as expected shows a flat line suggesting
the absence of such effect in the null model). Summarizing:
Results in Figure 3 and 4 reveal that players who only play
with friends in a gaming session display an apparent trend
of performance deterioration. However, such strong trend was
not apparent for players who only play without friends and
players who only play with strangers in a gaming session.
D. RQ4: Influence of social ties on teams over sessions
We now analyze how actions and performance change in
relation to different session positions in presence of social ties.
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(a) Kills of In-friendship players vs Out-friendship players (b) Assists of In-friendship players vs Out-friendship players
(c) Deaths of In-friendship players vs Out-friendship players (d) Average KDA of In-friendship players vs Out-friendship players
Fig. 5: Social ties’ impact on teams over gaming sessions. Violin plots convey the statistic distributions between players with
friends and players without friends in teams with preexisting social ties. Four aspects were examined: (a) kills, (b) assists, (c)
deaths, and (d) KDA performance. In-friendship players’ data are displayed as green violins (left violins), while out-friendship
players’ data are shown in orange violins (right violins). Stars represent t-test statistical significance (∗ means p-value<0.05,
∗∗ means p-value<0.01, ∗∗∗ means p-value<0.001, ns means not-significant).
Here we focus on the analysis of actions and performance over
the entire team.
As mentioned in Section §III-D, the average gaming ses-
sion’s length of a team falls into three ranges, namely [1-
2), [2-3), and [3-4). Data of sessions beyond that average
length are excluded due to high sparsity and low significance.
Furthermore, we concentrate exclusively on teams with social
ties. In Figure 5, we compare individuals playing with friends
(in-friendship players) with individuals playing without friends
(out-friendship players). Figure 5a, Figure 5b, Figure 5c, and
Figure 5d each convey the kills, assists, deaths, and average
KDA performance distributions of in-friendship players vs
out-friendship players, on different session positions. All the
distributions of out-friendship players are labeled as “out”,
whereas in-friendship players are labeled as “in”.
Our results overall reveal that, as time goes by through-
out a gaming session, individuals playing with friends have
gradually increasing kills, assists, deaths and KDA scores,
while individuals playing without friends have decreasing
actions and performance. Such results suggest that, except for
experience, the presence of social ties in a team can also help
players mitigate performance deterioration over the short term
throughout a gaming session.
V. RELATED WORK
A. Social ties and performance
Our research is solely based on objective measurements
of behavioral data from Dota 2 players where connections
between players are studied as social ties. However, most
existing social tie studies heavily rely on interviews, surveys,
or ethnographic observations to collect self-reported relational
data from study participants where each individuals are asked
about their proximity to and friendship with others. [25]
collected both self-reported data and mobile phones usage
behavioral data from 94 subjects. The authors revealed that
self-reports are biased toward recent and more vivid events.
Some empirical studies examined the effect of friends (vs.
strangers) on individual and team performance. In the con-
text of business psychology and organizational development
management, for example, workplace ties have for long been
the subject of debate. [26] proposed that relative to acquain-
tance groups, when friends work together, coordination will
be improved through increased collaboration, communication,
and conflict management; motivation will be increased via
increased commitment, goal-setting, and goal pursuit. Their
results revealed that friendship has a significant positive effect
on group task performance. Although many scholars and
practitioners have assumed that friendships lead to desirable
organizational outcomes, [27] explained the downsides asso-
ciated with workplace friendships.
Researchers have also investigated the influence of social
ties, especially peer-effects in academic environments, where
youngsters in classrooms become ideal study targets. [28]
reached a conclusion that aspects of peer relationships are
related to GPA indirectly, by way of significant relations with
pro-social behavior i.e., the behavior of helping other children
learn. Since their study, [29] found that students in the middle
of the SAT distribution may have somewhat worse grades
if they share a room with a student who is in the bottom
15 percent of the verbal SAT distribution. [30] investigated
that high-ability students benefit more from having higher-
achieving schoolmates and from having less variation in peer
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quality than students of lower ability. [31] found that low
ability students benefit about twice as much from an increase
in the share of top-quality peers as they do from an increase
in the share of low ability peers. Middle students will benefit
from mixing with top-quality peers as well.
Our paper focuses on analyzing the effect of social ties on
the performance of online games. [32] pointed out that while
much progress has been made in detailing different types of
team processes, empirical evidence of their predictive validity
is generally underwhelming and they pointed to the need
for a more specific temporally rich theoretical formulation
of process. While identifying these critical rarely analyzed
aspects, in this paper we used gaming sessions to capture
behavior patterns considering temporal limitations.
B. Social ties in games and virtual teams
Teams science is essential to organizations, informal groups
and individuals [13], [14], [15], [16], [17]. Considerable atten-
tion has been paid to teams across a range of interdisciplinary
challenges. However, the factors affecting team performance
in complex, realistic task environments remain yet scarcely
understood, both in theory and in practice. In this paper, we
focus on individual and team engagement in online games,
specifically in a MOBA game called Dota 2.
Research has been conducted on a Massively Multiplayer
Online Role Playing Games (MMORPG), Dragon Nest [33],
which revealed that self-assembled teams form via three mech-
anisms: homophily, familiarity, and proximity; the authors
show that successful and unsuccessful teams were homo-
geneous in terms of different characteristics, but successful
teams are more often formed based on friendship than those
unsuccessful teams.
A recent work by Mukherjee et al. [17] further corroborated
this hypothesis by analyzing both sports (football, cricket,
baseball) and esports (Dota 2) suggesting that success shared
in prior team experiences is an excellent predictor of future
team success. This would imply that social ties and prior
experience between team members play a more important
role in successful team dynamics than the so-called “superstar
effect”—the idea that well-constructed teams can be outper-
formed by poorly-constructed teams that have a superstar
player whose skills are far better than everyone else.
Other research investigated social-network games. A social-
network game is a type of online game that is played
through social networks. They typically feature multiplayer
gameplay mechanics. Social-network games were originally
implemented as browser games. As mobile gaming took off,
the games moved to mobile as well. However, we found a
significant impact of social online gaming frequency on the
probability of meeting exclusively online friends. Different
social motives played an important role for modality switching
processes. Players with a pronounced motive to gain social
capital and to play in a team had the highest probability to
transform their social relations from online to offline context.
We found that social online gamers are well integrated that
they use the game to spend time with old friends as well as
to recruit new ones.
C. Performance deterioration dynamics
A recent research thread is concerned with quantifying the
temporal dynamics of performance in techno-social systems.
Short-term deterioration of individual performance was pre-
viously observed in real world (offline) tasks. Recent studies
investigate this phenomenon by drawing a parallel with online
platforms: research shows that the quality of comments posted
by users on Reddit [34], the answers provided on StackEx-
change question-answering forums [35], and the messages
written on Twitter [36] and Facebook [37] decline over the
course of an activity session. Other than individual online
behaviors, short-term deterioration effects has also been found
in virtual teams in MOBA games. [22], [23], [24]. These
results pose the basis for RQ3 and RQ4: our analysis revealed
that social ties can play a role in mitigating performance
deterioration over the course of an activity session, however
such a mitigation is not homogeneous across all individuals,
but tend to benefit more the low-skilled or low-experienced
ones, while high-skill or high-experience individuals may
not be affected by social ties when it comes to mitigating
performance deterioration.
VI. CONCLUSIONS
In this paper, we investigated four research questions. The
first two questions focused on measuring effects within sin-
gle matches: What is the influence of social ties on (RQ1)
individual players’, and (RQ2) on team’s activity?. The other
two questions focused on effects that span over the course
of a gaming session (i.e., a nearly-uninterrupted sequence of
consecutive matches): What is the influence of social ties on
(RQ3) individuals and (RQ4) teams, over the course of entire
gaming sessions?.
We set ourselves to test whether the presence of social
ties affected the activity of individuals within a team (RQ1),
and of the team as a whole (RQ2). We also investigated
whether there exists a spillover effect by which individuals
who do not play with friends, yet play in a team where
some players are friends among each other, may indirectly
benefit of the presence of social ties in their team. We further
investigated teams composed by high/low experienced players,
and high/low performing players. Our research revealed that
individuals playing with friends have higher kills and assists
frequency than players gaming without friends. Moreover,
death differences suggest that players with teammates friends
may have more aggressive or impulsive behaviors than those
without preexisting friendships. Moreover, kills, deaths, and
assists actions are found to increase for all four categories
of teams. However, for teams with preexisting ties and con-
sisting of highly-skilled players, KDA performance dropped
compared to teams with no friends. Conversely, for teams
with preexisting ties but consisting of lowly-skilled players, all
actions and KDA performance improve drastically compared
to teams with no friends. As a summary, low-performance
players (regardless of their experience) benefit the most, while
high-skill players exhibit significant performance decreases, by
the presence of team social ties. In other words, playing with
friends benefits almost exclusively low-performance players
and negatively affects high-skill players.
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We also studied whether playing gaming sessions within
teams with preexisting social ties affects individuals’ (RQ3)
and teams’ (RQ4) performance over the sessions course. For
players who only play with friends throughout a gaming
session, there exists evident performance deterioration, in line
with recent results [22], [23], [24]. However, for players that
only play with strangers in a game session, results are not
fully conclusive that such performance deterioration occurs.
As time goes by, teams under with social ties have gradually
increasing actions and performance while teams of strangers
have decreasing actions and performance. The results suggest
that, except for experience, social relationships within teams
can help players mitigate performance deterioration.
Analogous analyses along the lines of what we proposed in
this paper applied to other techno-social systems only requires
data that capture who interacts with whom at what point in
time (or in what order). Preferably (yet not necessarily), re-
searchers would also collect some performance/outcome data,
to test whether certain interaction patterns are associated with
differential levels of performance (of groups, of the individuals
in the groups, or of systems of groups). Since there is often
no sound theoretical argument as to exactly when or for how
long an outcome is expected to occur, ideal data would include
sufficiently long longitudinal observations. We plan to carry
out some of such studies ourselves in the future, targeting other
types of games, virtual teams in online and offline task-specific
settings, virtual reality individual- and team-based settings, and
more in general both competitive and collaborative endeavors,
to study how social networks dynamics may affect human
behavior and performance.
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